Photovoltaic (PV) system energy production is non-linear because it is influenced by the random nature of weather conditions. The use of machine learning techniques to model the PV system energy production is recommended since there is no known way to deal well with non-linear data. In order to detect PV system faults, the machine learning models should provide accurate outputs. The aim of this work is to accurately predict the DC energy of six PV strings of a utility-scale PV system and to accurately detect PV string faults by benchmarking the results of four machine learning methodologies known to improve the accuracy of the machine learning models, such as the data mining methodology, machine learning technique benchmarking methodology, hybrid methodology, and the ensemble methodology. A new hybrid methodology is proposed in this work which combines the use of a fuzzy system and the use of a machine learning system containing five different trained machine learning models, such as the regression tree, artificial neural networks, multi-gene genetic programming, Gaussian process, and support vector machines for regression. The results showed that the hybrid methodology provided the most accurate machine learning predictions of the PV string DC energy, and consequently the PV string fault detection is successful.
Introduction
Photovoltaic (PV) systems are composed of many electrical components that are prone to faults when exposed to weather conditions. The continuous monitoring of the PV systems ensures their maximum energy production output since the anomalies can be detected and dealt with as soon as possible which contributes to maintaining the return of investment (ROI) payback periods. The amount of energy produced by a PV system depends mainly on the amount of sunlight that it absorbs and is also influenced by other weather components such as the ambient temperature. The PV system energy production is non-linear, since the current that runs in the PV cells and voltage at the PV cell terminals depend on the weather that they are exposed to [1] [2] [3] .
As a result, the use of machine learning techniques to model the behavior of PV system production is recommended for analyzing the performance of PV systems and detecting faults since they are known to deal well with non-linear data [4] [5] [6] . These machine learning models are data-driven and therefore require historical data measured at nearby weather stations (inputs) as well as from the PV system (outputs). The machine learning modelling process consists of a training stage and a testing stage where both stages require historical data. The historical data used for the training dataset should be measured when the PV system is working well, in order for the trained machine learning models to mimic a PV system that works correctly.
One of the ways to detect PV system faults is to analyze the deviation between the measured data of the PV system production and the estimated/predicted values of the PV system production provided by machine learning regression models as described by Gigoni et al. in [5] and by Jiang et al. in [6] .
The accuracy of the PV system fault detection depends on the accuracy of the prediction values provided by the machine learning regression models. Consequently, the accuracy of the PV system production machine learning predictions depends on the type of data that is selected for use in the training stage (training dataset) of the machine learning regression models as well as the type of machine learning technique that is used for modelling [4] [5] .
There are many techniques that have been used by the research community to select the correct data for a training dataset such as classifying the historical data into "similar days" that include sunny days, cloudy days and rainy days as described in [8] . Another training data selection technique includes subdividing the data according to the seasons of the year, when annual historical data are available as described in [7] . However, the type of training data selection technique that is adopted depends on what historical data are available.
For this work, six PV strings that belong to the same combiner box of a utility-scale ground-mounted PV plant were provided by a green technology company called ALTESO GmbH located in Vienna Austria. The available historical data includes daily solar irradiation measurements in W/m 2 used as the inputs and daily DC energy measurements in kWh of each of the six PV strings used as the outputs. The data are only from the month of July (31 daily samples) of four different years, namely 2014, 2015, 2016, and 2017. Each season of the year is known to have a different trend in the weather conditions, even though the trend is similar between spring and summer as well as between autumn and winter as described in [7] . For this reason, it was decided that data only from the month of July would be enough to carry out the research experiments of this work in order to minimize the issues caused by the seasonal trend, and therefore data from other months was not requested from ALTESO GmbH.
As described before, the types of machine learning techniques that are used to predict the PV system energy also influence the accuracy of the machine learning regression model prediction outputs. Therefore, five machine learning techniques were chosen for this work, namely: (a) regression tree, (b) artificial neural network (ANN), (c) multi-gene genetic programming (MG-genetic programming), (d) Gaussian process, and (e) support vector machine for regression (SVR). The five machine learning techniques are compared to each other by means of an error analysis by using the root mean squared error (RMSE) and normalized root mean squared error (NRMSE) evaluation metrics.
The accuracy improvement of the machine learning models is a very important issue to address, in order for the data-driven models to mimic the physical system (in this case it is a PV system) as accurately as possible. As a result, there are many research experiments that propose the implementation of new machine learning methodologies designed to improve the machine learning models. All these research experiments that improve the accuracy of the machine learning models can be organized into four main machine learning methodologies such as the data mining methodology, the machine learning technique benchmarking methodology, the hybrid methodology and the ensemble methodology.
The data mining methodology considers all the techniques that are used to organize the historical data so that the machine learning model outputs are improved, and this includes the training data selection techniques and feature selection techniques.
The machine learning technique benchmarking methodology considers the comparison of various machine learning models provided by different machine learning techniques in order to determine which one provides the most accurate results. The five machine learning techniques that were selected to be studied in this work will be used in the machine learning technique benchmarking methodology.
The hybrid methodology considers the combination of various modelling sub-fields of the artificial intelligence field such as the combination of a fuzzy logic modelling system and a machine learning modelling system. Other hybrid methodologies include the combination of a physical model and a machine learning model to provide the most accurate machine learning results such as the PHANN [9] .
The ensemble methodology considers the averaging of all the results of various machine learning models provided by different machine learning techniques and also provided by variations of the same machine learning technique (decision trees) such as the random forests [10] .
This information about the different methodologies served as motivation to devise various experiments that would test out all of these machine learning methodologies in order to determine which one would provide the most accurate machine learning model outputs of the daily DC energy of each of the six PV strings. As a result, six experiments and 41 scenarios that are fully described in the methodology Section were devised. Experiments 1 and 2 consider both the data mining methodology (training data selection) as well as the machine learning benchmarking methodology (benchmark the five machine learning techniques).
A new hybrid methodology is proposed in this work and is described in Experiment 3. This new hybrid methodology is designed to improve the machine learning model prediction accuracy which combines the use of a fuzzy system and the use of five trained machine learning models.
A new ensemble methodology is also proposed in this work, which averages the results of the five trained machine learning models by using a simple mean equation. Experiments 4, 5, and 6 consider the ensemble methodology where each of the experiments includes an ensemble technique (averaging method) that is configured differently. The ensemble technique of Experiment 4 averages all the results of the five machine learning techniques. The ensemble technique of Experiment 5 averages the top three results of the five machine learning techniques. Finally, the ensemble technique of Experiment 6 averages only the results of the less popular machine learning techniques such as the regression tree, multi-gene genetic programming and the Gaussian process (the ANN and SVR are referred to as the more popular machine learning techniques).
The aim of this work is to accurately predict the daily DC energy output of the PV strings of a utility-scale PV system by using a data-driven machine learning approach. In order to achieve this aim, the results of four machine learning methodologies known to improve the accuracy of the machine learning models were benchmarked. The four machine learning methodologies are namely the data mining methodology, machine learning technique benchmarking methodology, hybrid methodology, and the ensemble methodology. The machine learning PV string performance analyzer proposed in this work has the task of detecting anomalies in the solar production output of the PV strings in order for the maintenance team to act on them as soon as possible and to ensure maximum PV system output efficiency. This task is usually carried out by performing a deviation analysis between the measured data from the PV plant strings and the estimated data provided by the machine learning technique prediction models of the corresponding PV plant strings [5] [6] . However, the results of this work also show that the comparison of the prediction values (provided by the machine learning regression models) between the neighboring PV strings can also be used to detect PV string anomalies.
The organization of this work is as follows: after the introduction all the experiments and scenarios devised in this work are described in the methodology, Section 2. The results of the experiments are discussed in the results and discussion, Section 3, and finally the main conclusions are mentioned in the conclusion, Section 4.
Materials and Methods
This section describes the six experiments that were used to determine which machine learning methodology should be implemented to provide the most accurate machine learning regression model outputs of the daily DC energy of the PV system strings.
The historical data associated with PV systems include weather data and PV system data. The weather data are measured by on-site or remote weather stations that measure the solar irradiation, ambient temperature, wind speed etc. while the PV system data are measured by PV monitoring systems that measure the power and/or energy produced by the PV system both on the DC (direct current) or/and the AC (alternate current) side of the PV system. An inverter divides the PV system into the AC and DC side, since it is used to invert the DC current produced by the PV modules into the AC current which is used in the electrical grid, and therefore the DC side of the PV system refers to the components between the PV modules and the inverter while the AC side of the PV system refers to the components between the inverter and the electrical grid. The machine learning techniques provide a model based on the relationship between the weather data (inputs) and the PV system data (outputs) of the historical data.
For the scope of this work, the historical data from six PV strings that belong to the same combiner box and the historical on-site solar irradiation measurements were selected and they includes daily samples from the month of July of four consecutive years namely the years 2014, 2015, 2016 and 2017. Since the measurements of the PV strings are made in the combiner box the PV system data consists of DC energy measurements. Each PV string is associated with 31 daily input samples (solar irradiation) and 31 daily output samples (DC energy measurements), since the measurements were made during the 31 days of the month of July. Therefore, the total number of samples that are available is 744, associated to the data measured from the six PV strings in four years (6 PV strings x 31 July days x 4 years).
The machine learning modelling process consists of various procedures such as 1. Acquiring and pre-processing the historical data 2. Selecting the machine learning techniques 3. Training and testing the machine learning techniques 4. Analyzing the model error In this work, the pre-processing of the raw historical data consists of normalizing the historical data samples and dividing the PV string samples into two groups. The raw historical data are pre-processed before training the prediction models, by normalizing both the inputs and outputs with a pre-processing technique called Min-Max normalization to speed up the prediction model training process. The minimum and maximum values of the input samples (accumulated solar irradiation values) were respectively 1 W/m 2 and 10000 W/m 2 , while the minimum and maximum values of the output samples (accumulated PV system DC energy values) were respectively 1 kWh and 40 kWh. These values are the highest and lowest values that the PV string experienced during the month of July over all four years.
There is a vast number of machine learning techniques to choose from, however the most popular ones among the research community are namely the artificial neural networks (ANN) and the support vector machines (SVM). In order to verify which machine learning technique provides the most accurate model results for the problem at hand, a benchmark analysis is performed by evaluating the models provided by various machine learning techniques as described in [7] .
The vast number of machine learning techniques can be narrowed down by following the concept introduced by Domingos in his book [11] , where he suggests that all machine learning techniques can be organized into five "tribes", in which each one is represented by its own master algorithm (Table 1 ). This machine learning selection scheme represents all types of machine learning techniques from the machine learning field of research. Based on this information, five machine learning techniques were chosen for this work and are namely: the (a) regression tree, (b) artificial neural network, (c) multi-gene genetic programming, (d) Gaussian process, and (e) support vector machine for regression. The training and testing steps of the machine learning modelling process require their own sets of historical data which are referred to as the training dataset and testing dataset. These two datasets should contain different data in order to correctly evaluate the model. The type of historical data selected for the training dataset influences how well the model generalizes to new unseen data (testing dataset) when the testing procedure takes place. For the scope of this work, the 2015 July PV string data are used for the training dataset, while the July PV string data of years 2014, 2016, and 2017 are used for the testing dataset.
The last procedure of the machine learning modelling process is to perform an error analysis of the machine learning model by using evaluation metrics to calculate the error of the machine learning model. The evaluation metrics used in this work are related to the machine learning regression models that are used to predict the PV string energy and they include the root mean squared error (RMSE) and the normalized root mean squared error (NRMSE). The RMSE is easily interpreted due to having the same units as the sample outputs (kWh) and calculates the average error compared to the measured output value (Equation 1). A large positive RMSE value represents a large deviation scale in the prediction values from the measured values, and therefore represents a large error value, and therefore the closer to zero the RMSE value is the better. As previously described, the maximum amount of daily DC energy produced by the PV strings during the month of July in any of the four years is 40 kWh, and therefore the RMSE and NRMSE error values are related and compared to this maximum energy value. The NRMSE provides the average percentage value of the error (Equation 2), in relation to the difference between the unnormalized minimum and maximum output values, which is 39 kWh (40 kWh -1 kWh = 39 kWh) assumed in this work, where Yt is the measured value and Yp is the predicted output and n is the number of observations. Therefore, a 5% NRMSE value is assumed as acceptable for the scope of this work since it represents a 1.95 kWh RMSE value.
One of the main goals of the six research experiments and 41 scenarios that were devised is to provide information about the types of machine learning techniques that should be selected to provide the most accurate model results. The other main goal of these experiments and scenarios is to provide information about the machine learning methodology that should be implemented to provide the most accurate model results.
As described before, one of the most important procedures to take place is the selection of the samples to include in the training dataset. This training data selection process is part of the machine learning data mining methodology that is used in this work, as described in the introduction Section. In order to understand what number and what types of samples to include in the training dataset for the machine learning regression model to generalize well to new unseen data (testing dataset) and provide the most accurate prediction outputs, Experiments 1 and 2 were devised as illustrated in Figure 1 . All the historical data are divided into two groups namely the "ODD" strings (orange) and the "EVEN" strings (blue) and each of these groups is associated with a year and a dataset (training or testing). In Experiment 1 the 2015 "ODD" and "EVEN" PV string historical data (6 PV strings with 186 samples) were used for the training dataset (green) while all the other historical data were used for the testing dataset. In Experiment 2 only the 2015 "ODD" PV string historical data (3 PV strings with 93 samples) were used for the training dataset, while all the other historical data were used for the testing dataset. This dataset size (93 samples) has been proven to be adequate to provide accurate machine learning model results as described in [7] and in [12] . At the same time these two experiments are performing the machine learning data mining methodology to determine which historical data should be included in the training dataset, they are also performing the machine learning technique benchmarking methodology described in the introduction section since the five machine learning techniques are used in the training process. Therefore, the comparison between these two experiments provides information about what number of samples needs to be included in the training dataset to train the machine learning regression model as well as information about which machine learning technique is able to provide the most accurate results.
The Machine Learning for Regression model parameter settings for this work are mainly the Matlab ® 2017b default Machine Learning model settings. The machine learning techniques were only trained with simple/default parameter settings and then tested. Validation and cross-validation were not performed on any of the models in this work unless automatically done by the fitting command of the Matlab ® 2017b toolbox. Experiment 3 considers the hybrid methodology where a Fuzzy Logic Inference System (FIS) is combined with a machine learning system consisting of five trained machine learning models that were trained in Experiment 2. The fuzzy system analyses the input (solar irradiation) and selects the trained machine learning model that would provide the most accurate model prediction of the PV string daily DC energy.
There are many fuzzy systems such as the Mamdani fuzzy system that uses classes as the fuzzy logic output as illustrated in Figure 2 and the Takagi-Sugeno fuzzy system that uses a constant number as the fuzzy logic output as illustrated in Figure 3 . The fuzzy system used in this work is a single input and a single output Takagi-Sugeno fuzzy logic inference system. The output can only take 1 of 5 integer values that correspond to the MLT solution that is most appropriate as illustrated in Figure 3 . Therefore, the regression tree is associated with the fuzzy output 1, the artificial neural network is associated with the fuzzy output 2, the multi-gene genetic programming is associated with the fuzzy output 3, the Gaussian process is associated with the fuzzy output 4, and finally the support vector machines for regression is associated with the fuzzy output 5. The advantage of this fuzzy system compared to the previous one illustrated in Figure 2 , is that the same machine learning technique can be associated to different ranges of solar irradiation values, whereas in the previous fuzzy system the sunny day classification could only be used in a specific range of solar irradiation values.
The results of Experiment 2 provided information about the relationship between the solar irradiation values and the machine learning techniques that would provide the most accurate results, as presented in Table 2 . It is possible to verify that certain daily solar irradiation ranges are associated to a certain machine learning technique that provides the best results, and therefore as an example there is the daily solar irradiation values between 4916 W/m 2 and 5011 W/m 2 is associated with the support vector machines for regression, and between 5597 W/m 2 and 5761 W/m 2 is associated with the regression tree. This information was used to implement the fuzzy system by grouping all the daily solar irradiation values into ranges (fuzzy input) and associating each of the ranges to a machine learning technique (fuzzy output). Figure 4 illustrates how the machine learning hybrid methodology system works, where the five trained models obtained from Experiment 2 are used together with a fuzzy system. The solar irradiation input is given to the hybrid system which then sends it to the fuzzy system to analyze and associate it with the machine learning technique that will provide the most accurate results based on the information obtained in Experiment 2. Knowing which machine learning technique will provide the most accurate results, the hybrid system sends the solar irradiation input to the trained machine learning model which then provides the prediction output of the PV string DC energy production. Experiment 4 represents the machine learning ensemble methodology described in the introduction Section, which is implemented by averaging the values provided by the five trained machine learning models obtained from Experiment 2. Figure 5 illustrates how the machine learning ensemble methodology system works, where the solar irradiation input is given to all five machine learning models. All of the output values of each of the five machine learning techniques are averaged, and this averaged value is the output provided by the machine learning ensemble methodology system. A fifth experiment (Experiment 5) was conducted to resolve the issues raised by the poor results of the artificial neural networks. As a result, the configuration of the ensemble methodology system of Experiment 5 is exactly the same as the one presented in Experiment 4 with the exception that instead of the ensemble technique averaging all five machine learning techniques it would only average the top 3 best results given by the five machine learning models.
After analyzing the results from Experiment 4 and 5, a sixth experiment (Experiment 6) was conducted to verify the results of an ensemble methodology system that does not consider the results of the popular machine learning techniques such as the artificial neural networks and support vector machines. Therefore, Experiment 6 is an ensemble methodology system that considers only the regression tree, multi-gene genetic programming and Gaussian process model results for the averaging.
After determining which methodology provides the most accurate machine learning regression model outputs of the PV string energy production, the PV string fault detection method can take place, which includes the analysis of the deviation between the measured data and the prediction data. The presence of deviation between these two data values indicates the presence of a PV string fault.
Hyperparameters of the Machine Learning Techniques
The following subsections briefly explain the commands and parameter settings of each of the machine learning models.
Regression Tree
The 'fitrtree' command returns a regression binary tree based on the input variables x and target variables y, where each branching nodes is split on the basis of the values of a column of inputs. The rest of the settings used were the default settings.
Artificial Neural Networks
The train command returns a net model based on the parameter settings that follow. The parameters chosen for the ANN in this work include a multilayered feedforward backpropagation network using the Levenberg-Marquardt training algorithm, 10 neurons, 5000 epoch iterations, and the 'mapminmax ' normalization for the inputs and the targets. The multilayered transfer function used in this work was the tan-sigmoid and linear purelin. Every time an artificial neural network model is trained it provides different outputs and this is because the initial weights of the neural connections are selected randomly by default and therefore these types of models are referred to as stochastic models. In order to minimize the issues related to this stochastic nature of the artificial neural network models, 10 of these models are trained and the best one is used in the experiments.
Multi-Gene Genetic Programming
The model is trained by using the 'rungp ' training command and then it is tested by using the 'mymodel ' command. The default control parameters to stop the tree evolution were set to population size of 250, timeout to 10 seconds, runs to 3, and max number of genes to 6. Since the multi-gene genetic programming models are stochastic models, just as the artificial neural network models, the same procedure of selecting the best model out of 10 was also adopted here.
Gaussian Process
The 'fitrgp' command returns a GPR model for inputs and continuous targets vector. In this work, the default kernel functions (squared exponential) and parameters (sigma) were used.
Support Vector Machines for Regression
The 'fitrsvm' command returns a full, SVM regression model trained using the input values in the matrix and the target values in the vector. The parameters chosen for the SVR include an epsilon value of 0.09, and the input data are standardized. The kernel used in this work for the SVR model was the default linear kernel.
Results
All the results of the six experiments are presented and discussed in this Section. Experiments 1 and 2 are used to determine the amount and type of data to include in the training dataset and also to determine which machine learning techniques provide the most accurate machine learning regression prediction outputs of the PV string DC energy. Table 3 presents the results of Experiment 1 and shows that the Gaussian process machine learning technique provides the best results compared to the other four machine learning techniques in all of the scenarios while the ANN machine learning technique provides the worst results in all the scenarios. Table 4 , shows that the Gaussian process machine learning technique provides the best results for scenarios 7, 8, 10, and 12. While the ANN machine learning technique provides the best results for scenario 9, the SVR machine learning technique provides the best results for scenario 11, and the multi-gene genetic programming machine learning technique provides the best results for scenario 13. The second-best results are presented in grey in Tables 3 and 4 . Overall, the results presented by Experiment 2 re lower than the ones presented in Experiment 1, even though Experiment 2 only uses 93 data samples for training.
Overall, experiments 1 and 2 suggest that the Gaussian process machine learning technique should be used to predict the daily DC solar energy outputs of the ODD and EVEN string of years before and after the ones used for training. The multi-gene genetic programming machine learning technique could also be considered, however this machine learning technique uses many more computational resources than the Gaussian process machine learning technique.
The Gaussian process technique provides the best results for all the ODD string scenarios in Experiment 2 (Table 4 ). This is expected since the machine learning techniques were trained only with the ODD strings of the year 2015, and even so, the Gaussian process technique provided the best results for the EVEN strings of scenario 8 and very good results for the EVEN string scenarios 11 and 13.
The SVR machine learning technique provided the worst results in scenario 9 compared to all the other machine learning techniques.
Scenario 9 presents very interesting information about the behavior of the different machine learning techniques since the ANN machine learning technique provided the best results for this scenario, whereas it provides the worst results in all other scenarios, and its use cannot be considered in any case other than in this scenario because the NRMSE is higher than 5%. Figure 6 illustrates the machine learning model output predictions of the 2014 PV string 1 DC energy. It is possible to observe why the ANN error values (RMSE and NRMSE) present such bad results, since it is easy to see the peaks of the ANN predictions which indicate that this machine learning techniques has difficulty in accurately predicting certain PV string DC energy values compared to the other four machine learning techniques. This information gained from comparing Experiments 1 and 2 indicates that the ANN machine learning technique requires at least the two groups of PV string historical data (ODD and EVEN) with 186 samples to provide better results such as the ones provided in Experiment 1 ( Table 3 ). This information also indicates that, if more data are included in the training dataset of the ANN machine learning technique, it would provide even better results, and therefore the ANNs require many more training data samples than any of the other four machine learning techniques do. The results of scenario 9 of Experiment 2 indicate that the ANN machine learning technique deals well with familiar data, since the machine learning techniques were trained with the July ODD strings of the year 2015 and tested with the July EVEN strings of the same year. Therefore, the ANN is the MLT that is the most sensitive to the size of the training dataset as well as the type (familiar) of data in the training dataset. The SVR provides acceptable model results, however they are higher than the less popular machine learning techniques (regression tree, multi-gene genetic programming and Gaussian process). For the SVR more samples in the training dataset is not the answer since the model values do not vary much between Experiment 1 (more samples in training dataset) and Experiment 2 (less samples in the training dataset). The less popular machine learning techniques do not need as much data as the ANN to provide very accurate model results. Therefore, even though the ANN and SVR MLTs are the most popular (used the most by the research community) it does not mean that they are the ones that are going to provide the best results. Experiments 1 and 2 show that it is exactly the two most popular MLTs (ANN and SVR) that provide the worst results. Experiment 3 is also presented in Table 4 in order to simplify the visual comparison between the results of Experiments 2 and 3. Experiment 3 presents the results obtained from the machine learning hybrid methodology system which combines the use of a fuzzy logic system and all five trained models obtained from Experiment 2. The Takagi-Sugeno type fuzzy logic inference system is used to select one of the five machine learning techniques that would provide the most accurate prediction by analyzing the solar irradiation input that is given. The error results of Experiment 3 are much lower compared to the error results of Experiments 1 and 2, and therefore the machine learning hybrid methodology system provides much better results than the mono systems used in Experiments 1 and 2 where the idea is to rely on only one machine learning technique to provide the best results. Experiments 1, 2, and 3 clearly show that different machine learning techniques provide good results for different types of data in different scenarios, and therefore different machine learning techniques deal differently with different data. These experiments prove that it is not possible to select only one machine learning technique to provide the best results for all types of data in all types of scenarios, and therefore the best solution is to use various machine learning techniques in a hybrid system that will select each one to be used to their best ability based on the analysis that is made to the input that is given to the hybrid system as described in the methodology Section.
The results of Experiment 3 are better than the ones from Experiments 1 and 2, and therefore are repeated in Table 5 to simplify the visual comparison between the results of Experiments 3, 4, 5, and 6.
Experiments 4, 5, and 6 all use the ensemble methodology system to provide the prediction values of the PV string DC energy, however each one of them has a different configuration. Experiments 4 and 5 use the ensemble methodology which involves using a simple ensemble technique that averages the results provided by the five machine learning techniques. These two experiments differ from each other in the number of machine learning results they average. In Experiment 4, the ensemble technique averages all five machine learning technique results, while in Experiment 5 the ensemble technique only averages the top three results provided by the machine learning techniques. Overall, the results provided in Experiment 5 are better than the ones provided in Experiment 4. This is expected since the results from the artificial neural networks are not always very good compared to the results from the other machine learning techniques and therefore when it is used in an averaging ensemble technique the results are not going to be the best. Therefore, the methodology that selects the top three results to use in the ensemble methodology (Experiment 5) is better than using all five results from the five machine learning techniques as done in Experiment 4. Experiment 6 uses the ensemble methodology described in Experiments 4 and 5, however instead of considering the averaging of all the results from the five machine learning techniques, Experiment 6 only considers the results of the less popular machine learning techniques such as the regression tree, multi-gene genetic programming, and the Gaussian process. Table 5 shows that the overall results of Experiment 6 are more accurate than the ones provided by Experiments 4 and 5, indicating that the popular machine learning techniques such as the artificial neural networks and the support vector machines negatively influence the final results of the ensemble methodology system.
Once again, the results of Experiment 3 are better than the ones of Experiments 4, 5 and 6, as expected since the results provided by Experiment 3 are precise compared to the results provided by Experiments 4, 5 and 6 which are average results. Therefore, Experiment 3 provides the best results out of all the experiments carried out in this research work, which means that the machine learning hybrid methodology is the one that provides the most accurate results of the four machine learning methodologies such as the data mining methodology, the machine learning technique benchmarking methodology, the hybrid methodology, and the ensemble methodology. Figure 7 shows how the DC energy measured data are closely correlated to the prediction data provided by the machine learning hybrid methodology system, which includes the combination of the fuzzy logic system and the machine learning system that consists of five trained machine learning models. Once the machine learning methodology that provides the best machine learning regression model outputs of the PV string DC energy is determined, the next step is to analyze the deviation of the DC energy values of the ODD and EVEN PV strings. Figure 8 illustrates the prediction values of the DC energy values of the ODD and EVEN PV strings provided by the machine learning hybrid methodology system. This way, only the prediction values are considered, and the measured data are not, and therefore the deviation analysis is comparing the prediction values of the neighboring PV strings. The neighboring strings are Strings 1 and 2, Strings 3 and 4, and finally Strings 5 and 6. The x axis represents the number of samples and the y axis represents the DC energy of the PV Strings. All samples between 1 and 31 belong to Strings 1 (ODD) and 2 (EVEN), between 32 and 62 belong to Strings 3 (ODD) and 4 (EVEN), and finally all samples between 33 and 93 belong to Strings 5 (ODD) and 6 (EVEN).
The four graphs presented in Figure 8 , illustrate the PV string DC energy production of the ODD and EVEN strings in the different years of July. When analyzing the results from the ODD and EVEN strings of the year 2014, it is verified that they are very similar to each other and therefore indicate that all strings are producing solar energy in a similar way. However, this production similarity does not take place in the years 2016 and 2017. It is clearly noticeable that the production in String 2 is lower compared to String 1 in years 2016 and 2017 when compared to the years 2014 and 2015, and therefore a deviation between the prediction values of the neighboring PV strings indicate that a PV system fault has been detected since this deviation does not take place in previous years.
The reduction in the PV string production can be attributed to a number of reasons such as PV soiling, PV shading, cabling, PV module fault, or others. String 2 has a loss of approximately 2% compared to the past and this might be due to only one PV module in the PV string not producing at its maximum output and therefore dragging down the production of the whole PV string with it, due to the connection configuration of all PV modules in the string which are connected in series. The next step should be to manually inspect the string and each PV module individually to identify the anomaly and correct it.
The DC energy deviation analysis can also be performed by comparing the measured data of the neighboring PV strings as illustrated in Figure 9 , however the deviation between the measured data (Figure 9a ,c) is more visible than the deviation between the prediction data (Figure 9 b,d 
Conclusions
The aim of this work was to determine which machine learning methodology, out of four, would provide the most accurate machine learning model predictions for using in PV string performance analysis and fault detection using a very small data sample. In conclusion, the aim of this work was achieved by using a new proposed machine learning hybrid methodology described in Experiment 3 to provide the most accurate machine learning regression model outputs of the daily DC energy of the PV strings. This hybrid methodology system combines the use of a Takagi-Sugeno type fuzzy logic inference system with the use of a machine learning system that has five trained machine learning models (regression tree, artificial neural network, multi-gene genetic programming, Gaussian process and support vector machines for regression) that were trained in Experiment 2. The fuzzy system analyses the solar irradiation input value given to the hybrid system and then selects the machine learning model that would provide the most accurate prediction results.
After determining which methodology provided the most accurate machine learning predictions, the PV string fault detection method was carried out by using the deviation analysis. The PV string fault detection was clearly identified in the deviation analysis when using the prediction values of the neighboring PV strings. As a result, this work also proposes a new method that is used to successfully detect PV string faults which includes the analysis of the deviation between the prediction values of each of the strings and not requiring the measured data to verify the presence of a PV string faults. The PV system fault is detected when the predictions of the ODD strings are deviated from the predictions of the EVEN strings.
The benchmark analysis that was performed in Experiment 2 showed that the worst results were provided by the popular machine learning techniques (ANN and SVR), while the best results were provide by the less popular machine learning techniques (regression tree, multi-gene genetic programming and Gaussian process). The results obtained from Experiment 2 provided information about the behavior of the five machine learning techniques when dealing with different types of data from different scenarios. This information lead to the conclusion that it is not possible to select only one machine learning technique to deal well with all types of data in all types of scenarios. Therefore, the solution would be to use all of the five machine learning techniques in a hybrid system (Experiment 3) and have a separate system (Fuzzy system) to select one of the five models to provide the most accurate prediction results. This way, each machine learning technique is used based on their ability to accurately predict the DC energy output of the PV strings. It should be noted that all the conclusions obtained about the generalization of the different machine leaning models are mostly driven by the small size of the training sample dataset (93 samples).
A new ensemble methodology is also proposed in this work and is presented in Experiments 4, 5, and 6 where the five different machine learning techniques are used in the ensemble methodology system to provide the prediction results of the DC energy of the PV strings. However, the results provided by the hybrid system in Experiment 3 were much better than the average ones provided by the ensemble system in Experiments 4, 5, and 6.
